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New developments in machine (deep) learning

A practical view
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YATLAS Systematic uncertainties
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How to regress p(y|x)?
1. Estimating y directly with f(x) (MSE, MAE)
* You will be estimating p(y|f(x)) = u

04/06/2025 Malte Algren
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YATLAS Systematic uncertainties DE GENEVE

How to regress p(y|x)?

1. Estimating y directly with f(x) (MSE, MAE)  “ x sa)ta points
X

* You will be estimating p(y|f(x)) = u

4 x  Data points
—4 - — f(x)
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YATLAS Systematic uncertainties DE GENEVE

How to regress p(y|x)?

1. Estimating y directly with f(x) (MSE, MAE) | x Data points

f(x)
2. Instead of using MSE > log-likelihood 2
* P =NOIfF ) = N¥lwo?) o
>
(1(x)=y)?
+ —log(p(yl0) =+ o5 +logla (@)  _,

e u(x) € [—o0,00] and o(x) = (0, 0] 4
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YATLAS Systematic uncertainties DE GENEVE

How to regress p(y|x)?

1. Estimating y directly with f(x) (MSE, MAE)  *
2. Instead of using MSE > log-likelihood

3. Non-gaussian uncertainty (Poisson,

e Generalized normal distribution

e (Gaussian mixture models

etc)

1 2 3 4

03/06/2025
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ATLAS Systematic uncertainties DE GENEVE

How to regress p(y|x)?

1. Drop-out —drop with a probability D M Ea)ta points
X

P¥(c)<D  Pf()<D
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YATLAS Systematic uncertainties DE GENEVE

How to regress p(y|x)?

1. Drop-out 41 x Data points
f(x)

2. Bayesian neural network - Wl# = N(u,0%)

~-1.0 -0.5 0.0 0.5 1.0
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YATLAS Generative models ) DE GENEVE

» Use generative model to model p(y) or p(x)

* Often, we prefer p(y|x)

* Probabilistic regression / variational inference
* GANs and VAE would ignore x
. oraa ; Generator g1,
GAN;Lrglclj'ling x i G(z) x
. maximize Encoder 6 ’
vari;%i.al lower bound * @ i w *
ow-based models: Flow . IN¥arss Y/
Il:\Iver'tiEIetrgnsfo?mlof x f(x) g (=) x
distributions
JDttonmoss x| H _______ R Ce
noise and then reverse
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@TAS Generative models

* Very very rarely do we care about p(y)
* We (almost) always want p(y|x)

e Example: Image + prompt

Generate this man during his PhD in Paris with a hat

Got the hat right but not

the place

03/06/2025 Malte Algren 10
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?TAS Generative models

* Very very rarely do we care about p(y)
* We (almost) always want p(y|x)

e Example: Image + prompt

Generate this man during his PhD in Paris with a hat

Correct p(y|x)

04/06/2025 Malte Algren 11
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« Use generative model to model p(y) or p(x) "
0.6 P

* Often, we prefer p(y|x)

* Probabilistic regression / variational inference

* GANs and VAE would ignore x

GAN: Adversarial ’
training

VAE: maximize
variational lower bound

Il“‘--

w |
Plow-based models:
® * Invertible transform of
. distributions
[ |
A
2 Diffusion models:

L 4 .Gradually add Gaussian
Miﬁ %d then reverse
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EXPERIMENT

» Use generative model to model p(y) or p(x) .

* Often, we prefer p(y|x) Split _
* Probabilistic regression / variational inference . | Xleft ' Aright
* Invertible neural networks (Flow): . ——t NNl i
Flow 3 e d
* Encoder and decoder is the same network ™3 / <_ |-
 Encoder f(x) = z and decode f~1(2) = x 74
* Invertible transformations — Splines _ l v

* Condition the spline on subset of x | Vieft xrjght l |
* fo(x) =fo, " fo, " - [, (X) (%

04/06/2025 Malte Algren 13




. . UNIVERSITE
ATLAS Generative models: Normalising flows DE GENEVE

p(X)

* Trained using change of variable formular (p, is tractable)

p(Y)

df1_1(Z1)

dz4

* fo(x) =fo, - fo, " - [, (X)

* Conditional generation works very well!

. f1(2o0) fi(ziz1) fiv1(z) Jr(zk—1)
e > 2] e e— T > Zifl e — =T

det

p1(21) = Do (f1_1(Z1))

- ~

-
hhhhh
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?AAS Generative models: Normalising flows (4 pe Gentve

Advantages

—){Embedding Network }4—
Drawback: : .

Sample from base to create the posterior | Embedding network (conditions)

Relative fast in generation and training

Stable and regulated | Deep Set
poiss | Lepton | Misc

Well calibrated! .

—

Works on continuous flat distribution

Conditional Invertible Neural Network

More complicated that regular regression

Normalising Flow

04/06/2025 Malte Algren 15
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?E AS  Generative models: Normalising flows (%)

ERIMENT i

/o)
4
NESLo

Neutrino reconstruction at LHC | it
FF: NN regression using MSE B ‘5:;‘,_‘}::;,:1 Embedding network (conditions)
g 164 =~ Truth Neutrino . x
| —— pmiss + my, Constraint
149 — v-FF
124 — v-Flows |
1.0 B | |Lepton] | Misc
0.8 - ¢ ¢
0.6 - —)[Emhedding NetworkJ<7
0.4 1
0.2 1 IJ
_ : Conditional Invertible Neural Network

Normalising Flow
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https://arxiv.org/pdf/2207.00664

UNIVERSITE

ALLAS How to interpret the output DE GENEVE

What does the output of a network mean?

* Classifiers:
* Predicted probability vs fraction of positives
* Regression (MSE)
* Only have a single prediction
* No variance estimate
e Posterior estimation (likelihood, C-generation etc.)
* Log-likelihood
e Gaussian distributed pulls
* Conditional generation (no o estimate)

e Uniform distributed truth quantiles

04/06/2025 Malte Algren 17



:@E AS  Generative models: Normalising flows
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Calibration curve for conditional generative models Conol L
g
1. Generate p(y;|x;) 9 pr
m 0.051 .
E | Uniform
2. Measure the quantile of the truth 2 — VIPR
go.00+—4——m— T
3. Measure truth quantiles over many posteriors P -
£1.0{ e
 Should follow a uniform distribution 05 04 60 80 100
Truth quantiles of posterior
— VIPR ---- SoftDrop
—— Ground truth PuppiML
fi(20) " '“fi(zi—l) ., fir1(2i) - ”_fk(zk—l) @ . 0.20 E
----- - 50.15 i
MM go10
Y Ry [=] 1
_____ = !
zZn po(Zg) 2 Np,;(zq;) 2l ™~ pk(zk) 0.05 i
0.00 =777 800 8s0
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Calibration plots

How to ensure that your model is calibrated:

=
o
L

o
=]

* (Classifiers:

o
o

* Predicted probability vs fraction of positives

b
s

* Variational inference

Fraction of positives (Positive class: 1)

o
[

------ Perfectly calibrated
—&— Logistic Regression
—¥— Naive Bayes

—&— SVC

—&— Random forest

e Estimate the quantile of the truth

o
o

T T T T T
0.0 0.2 0. 4 0.6 0.8 1.0
Mean predicted probability (Positive class: 1)

=
o

Logistic Regression Naive Bayes
VIPR 40000
. - 30000
v 0.8/ —— T21 Underconfident 2 g
o ~ 8 8 20000
g 132 10000
> ] 0 7 f
o 0.6 d12 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 10
(@] /’ Mean predicted probability Mean predicted probability
© dz3 . svC Random forest
L 0.4 / Overconfident L5000 20000
a 15000
E 3 g 10000 =
3 3 10000
w Q.21 e — ;
7 5000
0 0
0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 10

o
R
o

0 ! 2 0 ' 4 0 ' 6 O ' 8 1 0 . Mean predicted probability Mean predicted probability
Nominal coverage Malte Algren 19
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Generator A,
" x

=] w

Add noise and learn to remove that noise

GAN: Adversarial
training

 DDPM: Predict the noise in the ‘image’

e EDM: Predict the clean ‘image’

* Flow matching: Predict the vectorfielg Fow | g el [y
guunuuER lIlll..... L]
And yes now you can generate "" n ] ",
Graduly 208 Gaysaian X0+ X1 Xol——— ... 2|
’. ;mse and then reverse H |—|‘ “‘

oy nt
.................... ..............---.---“

\__—’

______

q(x¢—1|%x¢) is unknown :
04/06/2025 ', Malte Algren 20



¥ AT AS  Variational inference: Autoencoders () bt eiive

Autoencoders (encoder & decoder)

 Compression in latent space
Advantages:
* Fast (single shot)

* Free latent space

Encoder
Issues?
Troels C Petersen (2015) Troels C Petersen (2004)
Assistant professor PhD student

04/06/2025 Malte Algren 21



YAl AS  Variational inference: Autoencoders (/) pYvERTE

Autoencoders (encoder & decoder)
 Compression in latent space

?7?
Advantages:

* Fast (single shot)

* Free latent space O

Decoder
g9(2)

Encoder
—>
f(z)

04/06/2025 Malte Algren 22
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EXPERIMENT

Autoencoders (encoder & decoder)

 Compression in latent space

Advantages:

Fast (single shot)

Free latent space O

Distance measure

Optimal transport loss

04/06/2025

Encoder
—>
f(z)

g9(2)

Decoder

.

Permutation invariant loss
Opimal transport style losses

Malte Algren
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Diffusion

e Adding small amount of noise to point cloud

* Because of small amount of noise, MSE can still be used
e “Autoregressive flow”

Advantages: Shape Latent

e Permutation invariant

e Works on all structures

|
| g,(z|X®)
Issues: po (2l V"), 2)
..... 2 }— - e
e Slow!!!!! q(;@fma-n) N

04/06/2025 Malte Algren 24
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Variational inference: Diffusion

UNIVERSITE
DE GENEVE

 Opens the door for conditionally generating point cloud

* Using permutational invariant networks
* For HEP generate PC on constituent level

* Generate a pileup free jet from an obs. jet

0.0 — 0.0 0.0
e Obsgjet - .:v e SoftDrop e VIPR
—0.5¢ .o Ground truth. —0.5{ © Ground truth. —0.5/ © Ground truth
s-100 - e Rl el ca R ©-1.0 o Ry
. g o '. . a. o : . .
—1.5) 7Y 101Gevt -1.5 C Y 10(Gev] -1.5 10 [GeV]
Sr e 100 [GeV] e 100 [GeV] e 100 [GeV]
207265 00 05 10 —207 265 00 05 10 —207265 00 05 10
n n n

(a) Observed jet (b) SorTDROP jet (¢) VIPR jet

eeeeeeee L EXPERIMENT
http://atlas.ch

04/06/2025 Malte Algren
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EDM training scheme

_-+.: MLP }—\7—)
Y
—>

A

p
—bMLP}—{—\—b

A

Sinusoidal

{Emd}

An, Ag, pr

//_ MLP “\\
____T____

‘ CAE, |

\ CAE, , }

[ oam |

{ CAE, W

Time (o) ﬁ

Y

[ {Eime} = {Emea}}
A -
A
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Variational inference: Diffusion

UNIVERSITE

EXPERIMENT DE GENEVE
Can be used for pileup (noise) removal at the LHC
0.0 — 0.0 0.0
e Obs.jet - . o » SoftDrop e VIPR
—0.5{ .o" Groundtruth. . —0.5/ © Ground truth. —0.5/ © Ground truth
&-1.0 cac Rl et s R &-1.0 o Fy
R ST R .'_'%.__:T.- . .8
-1.5 PR 101Gevt —1.5 C®T T 101Gew) —1.5 10 [GeV]
L e 100 [GeV] e 100 [GeV] e 100 [GeV]
207255 00 05 10 207255 00 05 10 20755 00 05 1.0
n n n
(a) Observed jet (b) SOFTDROP jet (c) VIPR jet
0.0 0.0 0.0
M VIPR e VIPR. ™ VIPR
-0.5 o Ground truth -0.5 o Qround truth —-0.5 o Ground truth
©-1.0 . "b <-1.0 e "b : < -1.0 R
.8’ . et ’ e’ '
-1.5 ) 10 [GeV] -1.5 = 10 [GeV] -1.5 ) 10 [GeV]
e 100 [GeV] e 100 [GeV] e 100 [GeV]
20755 00 05 10 20755 00 05 10 20755 00 05 10
n n n
04/06/2025 Malte Algren 26
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YA AS  Variational inference: Diffusion (4 or centve

EN

e Used alotinimage enhancement and restoration

e Condition DiT or Unet on augmented image

* With simulation, we can do the same (solving inverse problems)

I
JPEG artifacts removal |  Image Shadow Removal E
!

1 | 1
Image Inpainting E Image Dehazing i Image Deraining E Real world restoration E

1 ! ] 1 '
...................... | ——————— . . JE S ——— . Y S S ————,

— P —


https://arxiv.org/pdf/2308.09388
https://arxiv.org/abs/2212.09748
https://arxiv.org/abs/1505.04597

AS

@EXPERIMENT

Usefulness of Gaussian likelihood

UNIVERSITE
DE GENEVE

 Where can regression using gaussian log-likelihood still be useful?

1. We get an estimate of g from the network

« Use o to estimate where it is difficult to minimize the (f(x) — y)?

* Multi-task learning (MTL): Having ¢ associate with L; ()

44 X

Data points
f(x)

-1.0

-0.5 0.0 0.5 1.0

04/06/2025

Shared layers

(Backbone Network)

Task-specific layers
(Head network)
1

Input sensor

signals

Malte Algren

Lan() = z a;Li()

1 I 1

] :I Task 1
— V

Task 2
2 ]
—

i S e

Shared representation
vector

Task-specific
representation vectors

28
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https://arxiv.org/abs/2009.09796

/71 UNIVERSITE
4%/ DE GENEVE

YATLAS Multi-task learning

* Weighted-static/-dynamic loss: L,;(1) = X a;L; (%)
e Multi-task learning (MTL): Multiple loss functions

(f(x)—y)?

202

1. Regression: p(y1|f(x)) = + log(o)

2. Classification: p(y4|f (x)) = Softmax(ﬁf(x))

3. Regression + Classification = ATLAS flavor tagger/classifier

$:‘
O

Vertex
srounln_s
:
WA

04/06/2025


https://arxiv.org/pdf/2505.19689

YATLAS Multi-task learning DE GENEVE

* Weighted-static/-dynamic loss: L,;(1) = X; a;L; (%)

* Multi-task learning (MTL): Multiple loss functions

(f x)—y)?

202

1. Regression: p(y1|f(x)) + log(o)

2. Classification: p(y4|f (x)) = Softmax( = (%))

3. Regression + Classification

 We have already seen a model that is multi-task learning?
* Do you know which one?

+ 1og(p(If (), 0(0)) = L2 + log(a (1))

04/06/2025 Malte Algren 30
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Multi-task learning: Diffusion

Z52\ UNIVERSITE

42~ DE GENEVE

e Multi-task diffusion model:

+ log(p(YIf (X)) = X

(f(x)-Y)?

20(t)>

+ log(a(t))

* Making diffusion invariant:

* Time sampler

Diffusion models:
Gradually add Gaussian
noise and then reverse

04/06/2025

Task 1

T EEEWEEEN
™ | By | @
n iy u
n iy u
X0\ —wr| X1 g X2 m——>
n iy u
Ny n

Framing/skip connections

Task n-m

.llll.
|| ||
|| ||
ULLLICET. S a——
|| ||
|| ||
|| ||
NN R

Malte Algren

A lot of researching in

framing diffusion model

Table 1: Specific design choices employed by different model families. N is the number of ODE
solver iterations that we wish to execute during sampling. The corresponding sequence of time
steps is {¢¢.t1,...,tn}, where ty = 0. If the model was originally trained for specific choices
of N and {t;}, the originals are denoted by M and {u,}, respectively. The denoiser is defined as
Dy(x;0) = cuip(o)@ + cou(a) Fy (cin(cr)z:; qmige(a)); Fy represents the raw neural network layers.

VP [49] VE [49] iDDPM [37] + DDIM [47] Ours (“EDM”)
Sampling (Section 3)
ODE solver Euler Euler Euler 2% order Heun
. : ~ 1
Tmeseps w1+ yiple 1) 0% (oo™ w ey b (omd b
e ] B N 1p

upr =0 N1 (Omin? — Omax ? ))’
] T
ER Rl crevoreen it

Schedule a(t)  VezPat?Hhmt 1 Vi t t

Scaling s(t) 1)V edfatHfmat 1 1 1

Network and preconditioning (Section 5)

Architecture of Fy DDPM++ NCSN++ DDPM (any)

Skip scaling  cgq(0) 1 1 1 3/ (0% + 031)

Output scaling cou(0) —c o —a 0 Oaa/ /Oy + 02

Input scaling  ca(0) 1/vVe?+1 1 1/vVo? +1 1/\/o? + ol

Noise cond. cnoise(0) (M — 1) a7 (o) In(io) M —1-argmin; |u; — | Lln(o)

Training (Section 5)

Noise distribution o o) ~U(e, 1) In(o)~U(In(omn), oc=uy, j~U{0,M—-1} In(o) ~ N(Ppn PZ)

‘ In(omax)) ‘ ‘
Loss weighting A(o) 1/o? 1/e? i 1/6?  (note: %) (0% +03a) /(0 - Toaa)*
Parameters Bs =199, Buin = 0.1 o, = 0.02 a; = siuz(g m) Opin = 0.002, 0 = 80
& =10%a=10""  om =100 €y = 0.001, C2 = 0.008 Caa =0.5,p=T7

M = 1000

M = 1000, jo = 8 Prean= —1.2, Pyg =12

*iDDPM also employs a second loss term L.y,

T In our tests, j, = 8 yielded better FID than j, = 0 used by iDDPM
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https://arxiv.org/pdf/2312.02696

(%) UNIVERSITE
EXPERIMENT &Yy DE GENEVE

Any questions?

Otherwise, we go to architectures and

ideas on how to handle big ass point-clouds

04/06/2025 Malte Algren 32



Transformers

J DE GENEVE

Self attention (SA): n**2

d +—> Embedding
q size
d
[|wr —»l Q 4,
n
e number n
Embedding of tokens X
size d
d o n [inputs 13
«—> d& = dq * >
 —
number T - T d
of tokens X I wk n K ;1 QK —> s >
oo n number m X,
Inputs Attention of tokens
5
dv ]
d P
G— n A
_I WI N ; *new*
n
[ Weights ]
d, ¢
———

Attention(Q, . V) — softmax( 25—y
ention(Q, K, V) = softmax z
Vdy n|

aDn

04/06/2025 Malte Algren

m
*new/*'
AN
_I W, |—

Cross attention (CA): n*m

33
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ATLAS Transformers DE GENEVE

Attention is all you need o uput
: : [__Softmax__]
* Encoder with self attention (SA)
Linear
. . -
* Decoder with SA + cross attention (CA) (Aetom )
Feed
Forward
- ~«
ﬁ Multi-Head
addition Feed Attention
|:1:’a —— Forward T F 7 Nx
[ Add & Norm
f//’a _,/”” Multi-Head Multi-Head
Attention Attention
Pre-LN - Layer Norm Eiltion * h ’ & ’
— S — J . _JJ
Multi-Head i
Attention Positional D & Positional
Ml Head f Encoding 1 Encoding
Attention Input Output
Embedding Embedding
X1 X I I
(a) (b) Inputs QUTDUTS
(shifted right)
Figure 1. (a) Post-LN Transformer layer; (b) Pre-LN Transformer 34

04/06/2025

layer.


https://transformer-circuits.pub/2021/framework/index.html

Z52\ UNIVERSITE

¥ ATLAS Transformers: FlashAttn AL) Dk GENEVE

* Speeding up scaled dot product attention

D Watch 124 ~ Fork 14k v Star 14.9k

Add file ~ <> Code ~ About

 Hardware-aware attention (fancy cuda) -

733 Commits

e Benchmarked on NLP tasks

* Require ampere GPUs

Attention forward speed, head dim 64 (H100 80GB SXM5) Attention forward speed, head dim 64 (H100 80GB SXM5)
B Standard attention Bl Standard attention Attention on GPT-2
B FlashAttention-2 B FlashAttention-2
s Triton B Triton ] Matmul
:.::.: 6001 mmm cuDNN E 600 1 mmm cuDNN 154 =
9 B FlashAttention-3 Y BN FlashAttention-3 Dropout
9 S A -
™ w §10'
f= 4001 j= 400 1 Py Softmax
£ "
o - = " I Fused
9 Q Mask  Kernel
v 200 U1 200 A il —
] Matmul
0 -
PyTorch FlashAttention
512 1k 2k 4k 8k 16k
Sequence length Sequence length

04/06/2025 Malte Algren 35
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FlashAttn

Transformers

AS

EXPERIMENT

YA

* Speeding up scaled dot product attention

Hardware-aware attention (fancy cuda)

Benchmarked on NLP tasks

FlashAttn batches

PyTorch batches

Require ampere GPUs

i
i
Lo
i
i
i

csampead
i
i

Batch; [0]

T T
I I
I I
L = = d dssadls=s=
I L] I I
I L] I I
I I S S
I 1 I I I
I L] I I I
I L] I I I
Fe=f === == ===l===
I L] I I I
I L] I I I
1 1 1 1 1
T L
I L]
I L]
Essdssds=s=
I L]
I L]
I
I 1
I L]
I L]
F==g====-=
I L]
I L]
1 1
T L T
I I I
I I I
Lk ssdssds=s=k = = 4
I I I
I ] I
I A
I I
I I
I I
- ==3 F
I I
I I
1 1

AEBEEBEE ) T T T A T S A
g[3)3[8)5(3 3 b 0 - e
HHEHHE R HAAB BB BB EEE
S EEE B R R e R le s =]2
] B P e e S|a8 |83 |2 |88 |5
] REEE g REEE 2
3 318182 g bRl H
g slzl5]% 2 HNEEE g
g 3233 g E e 8
g 3|5)5(8 3 3[5|5]8 g g
5 P [ = CH Y = = 1%
AEIEIE I E B R EAE R IR EE
gls|ala|s|z2|R[R|2|R|5|a|28|8|2|R|&|8|8
1 R 1 8 3 M 0 e e e
slalela|s|2|s|s|z|s]|a|x|x]|s|2|2]|2]|2]|8
P R R O I B S I I R S R R N I S R
gls |||z slalz|s|[x[z(2[z]2|2]|3]|8
Ll e ] R 0 0 A Nl R I e B e
als|&[2 2 HEE HB)
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el e L 5|2 ol el e e ] g
B (e e EE M S s e (e e A A
g |lz|a|8 2 S lzl=|2 2 2
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YA AS  Transformers: Mixtu re-of-Depths

Mixture-of-Depths: Dynamically allocating compute in transformer-based language models:
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Mixture-of-Depths: Dynamically allocating compute in transformer-based language models:

Mixture-of-Depths

Routing Decisions

Layer

Sequence

Vanilla _
Transformer Early-Exit

[0 Use block
[ Reute around block

Layer
Layer

Sequence Sequence
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Mixture-of-Depths: Dynamically allocating compute in transformer-based language models:

'

layers Mixture-of-Depths

: Routing Decisions
I é uting =]

Layer

—
L —
F 3

— @
| Self-attention | Sequence

Vanilla

Transformer Early-Exit
[0 Use block
4@ [ Route around block

NEE rffi(jf!} + xg, if rf > Pg (R
ﬁ I x!, if r! < Pg(R")
Sequence Sequence i

[
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Transformers: Mixture-of-Depths
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Mixture-of-Depths: Dynamically allocating compute in transformer-based language models:

|
100% Capacity
Interleaved

Layer

12.5% Capacityé
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Transformers: Perceiver|O

UNIVERSITE
DE GENEVE

Lets said we have a pc of ~2000 points and want to exchange information between points:

 SAis expensive (2000**2)
CA would be (2000*m)

e But whatcan m be?

04/06/2025
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Transformers: Perceiver|O
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Lets said we have a pc of ~2000 points and want to exchange information between points:

e SAis expensive (2000**2)
 CA would be (2000*m)

* But what can m be?
* Trainable point cloud

* w/ active gradient

03/06/2025
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Lets said we have a pc of ~2000 points and want to exchange information between points:

 SAis expensive (2000**2)
 CA would be (2000*m)

e But whatcan m be?

Q 5
* Trainable point cloud e T §
* w/ active gradient K [ v
K v
Trainable { } Q g [ ]
latent { S } > E —>[ ———— ] _ 1
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¥ATLAS Transformers: Tokenformers el

EXPERIMENT

TokenFormer: Rethinking Transformer Scaling with Tokenized Model Parameters
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EXPERIMENT

TokenFormer: Rethinking Transformer Scaling with Tokenized Model Parameters

— Scaling Transformer from scratch [

—— Scaling Tokenformer incrementally Token-Param Attn

FFN 4 $

{ [ Key Param ] [ Value Param

124M 354M  757M 1.4B
[ Token-Token Attn J [ Token-Token Attn

Perplexity

Q K v Q K v
13 1 T
| QKV Projection } [ Token-Param Attn ]
“ @ L e (o
[ Input J [ Key Param J [ Value Param J
H 2000 4000 6000 8000 10000 12000
Training cost / TPU hours Transformer Tokenformer
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Transformers: Tokenformers
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TokenFormer: Rethinking Transformer Scaling with Tokenized Model Parameters

[ Input Tokens ]

TokenFormer
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TLAS

VAE are not dead!

(27 UNIVERSITE
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High-Resolution Image Synthesis with Latent Diffusion

Use a (V)AE to compress image

Run diffusion in the latent space

Latent Space

. Diffusion Process

Denoising U-Net €g

Pixel Space, g

2T
)

-

¥

denoising step crossattention
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GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:

/cronditionina Invertible transform of
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distributions

Diffusion models:
Gradually add Gaussian
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Encoder
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JSDAAS Overview

UNIVERSITE
DE GENEVE

- Variational inference is taking over (Conditional generation is king)
- Using log likelihood

- Normalising Flow and Diffusion - Probabilistic regression

- Multi-task learners
-  Modern transformer architecture on a compute budget
- Mixture-of-Depths
- Perceiver IO
- “The Death of Transformers” — The Rise of Tokenformers!!!

- 03/@ptimal Transport (if time allows:it)aigren
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https://github.com/VincentStimper/normalizing-flows
https://keras.io/examples/generative/ddim/
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